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ABSTRACT

Obesity is a known risk factor for breast cancer, yet the molecular mechanisms linking
adipose tissue dysfunction to tumor progression remain incompletely understood.
Extracellular vesicles derived from breast adipose tissue are a key mediator of cell-to-
cell communication within the tumor microenvironment, capable of influencing cancer
cell metabolism and proliferation. In this study, we applied an integrative proteomic and
computational pipeline to explore the differential expression and predictive significance
of EV-associated proteins derived from breast adipose tissue in overweight and obese
women.

An open-source proteomic dataset of EVs isolated from breast adipose tissue was
reanalyzed and filtered for high-confidence peptides with experimental metadata.
Preprocessing included log. transformation, imputation, and feature scaling.
Dimensionality reduction was performed using a Principal Component Analysis (PCA) +
UMAP hybrid strategy, followed by unsupervised K-means clustering, which revealed
two molecularly distinct sample clusters not associated with any previously noted metric.
Differential expression analysis identified 665 proteins, including SERPINA1, CAV1,
MMP9, and AKR1C2, with significant enrichment in extracellular matrix remodeling,
hormone metabolism, and immune modulation. A supervised machine learning approach
using Decision Tree regression predicted breast cancer cells (BCC) proliferation from EV
proteomic profiles (R* = 0.87, AUC = 0.98 for binary classification). Top-ranked
predictive proteins, including PARP1, FCN2, and HLA-G, were further explored for
functional relevance, although not all overlapped with canonical pathways explored by a
comprehensive systems biology software (IPA-Ingenuity Pathway Analysis) which
identified Estrogen-Dependent Breast Cancer Signaling and Tumor Microenvironment as
canonical pathways, while CTNNBI1-centered node network analysis revealed EV-
associated proteins with known roles in metabolic rewiring and tumor progression.
Further validation is needed to enhance the robustness of the machine learning model for
early breast cancer risk stratification and molecular subtyping

Keywords: Obesity, cancer-related, Pathways, EVs, Machine Learning.



1. INTRODUCTION

1.1 Obesity and cancer

Obesity is a growing global health concern, affecting approximately one in eight
individuals worldwide according to the World Health Organization (WHO, 2022).
Classification is primarily based on body mass index (BMI), where individuals with a
BMI between 25-29.9 kg/m? are considered overweight (OW), and those with a BMI of
> 30 kg/m? are classified as obese (O). A large-scale epidemiological study conducted
between 1980 and 2015, encompassing data from multiple countries representing 78% of
the global population, reported a 50% increase in obesity prevalence among women
during this period (Chooi et al., 2019). The etiology of obesity is multifactorial, involving
socio-economic status, sex, age, lifestyle, genetic predisposition, and epigenetic factors
(Ferreira et al., 2021). Recent attention has also been drawn to the role of ultra-processed
food consumption as a significant contributor to the obesity epidemic (Marti et al., 2021).
Obesity is associated with various metabolic and physiological disturbances, including
chronic low-grade inflammation, insulin resistance, and altered hormone signaling. These
changes contribute to the pathogenesis of multiple comorbid conditions such as type 2
diabetes mellitus (T2DM), cardiovascular disease, and non-alcoholic fatty liver disease
(NAFLD) .(Beckman & Creager, 2016; Mokdad et al., n.d.; Yaturu & Jain, 2007, 2007)
In recent years, an increasingly complex, well studied, but not fully understood
relationship between obesity and cancer has been described. Obesity is now recognized
as a major risk factor for at least 13 types of cancer, including breast, colorectal,
endometrial and pancreatic cancers (Gathirua-Mwangi et al., 2017; Kyrgiou et al., 2017;
Macinnis et al., 2004; Nevadunsky et al., 2014; Nwafor et al., 2025). According to
epidemiological estimates, approximately 40% of all cancers diagnosed annually in the
United States are associated with OW or O (Nwafor et al., 2025).

In breast cancer (BC), there is a limited literature exploring the association between
disease progression and obesity (James et al., 2015). However, BC is the most prevalent
malignancy among women worldwide, exhibiting a rising incidence, particularly among
younger populations. This trend underscores the critical need for a comprehensive
understanding of its diverse subtypes, each characterized by distinct molecular and
histopathological features that influence prognosis and therapeutic strategies [(Hong & Xu,
2022)]. Molecular classification has delineated breast cancer into several subtypes:
Luminal A, Luminal B, HER2-enriched, and triple-negative (basal-like). Luminal A
tumors are typically estrogen receptor-positive (ER+), progesterone receptor-positive
(PR+), HER2-negative. These characteristics confer a favorable prognosis and
responsiveness to hormonal therapies. In contrast, Luminal B tumors are also ER-positive
but may be HER2-positive and have a comparatively poorer prognosis. In the other hand,
HER2-enriched tumors are associated with aggressive disease prognosis but with
treatment available, contrary to triple negative (TN) characterized by the absence of
hormone receptors, and HER2 protein, making it more aggressive and less responsive to
currently available therapies (Park et al., 2012).

Studies linking obesity and breast cancer attempt to find an indicative metric that may



influence tumor biology and patient outcomes. While BMI is a commonly used metric for
obesity, it may not fully capture the complexity of obesity-related cancer risks. However
combining metrics like waist circumference, fat mass has been associated with risk cancer
15 years after menopause (Macinnis et al., 2004). In-depth molecular analyses provide
more reliable insights into this connection, presenting a complex multilayered influence,
in which multiple events participate (Avgerinos et al., 2019; Bowers et al., 2015). Some
of the key pathways involved are hyperinsulinemia/IR and abnormalities of the insulin-
like growth factor-I (IGF-I) system and signaling, sex hormones biosynthesis and
pathway, subclinical chronic low-grade inflammation and oxidative stress, alterations in
adipocytokine pathophysiology, factors deriving from ectopic fat deposition,
microenvironment and cellular perturbations.

1.1.1. Adipose tissue as a key biological regulator in breast cancer

Adipose tissue (AT) traditionally recognized for its role in energy storage through
adipocyte hypertrophy and hyperplasia, is also implicated in breast development. Its mass
increases in obese individuals ; (Quail & Dannenberg, 2019; Rosen & Spiegelman, 2014)
and is now considered a dynamic endocrine organ. AT can influence tumor behavior at
molecular and cellular levels through its quality and secretory profile, contributing to a
specialized adipose tissue microenvironment (ATME). This environment is shaped by the
release of various bioactive molecules, including hormones, cytokines, chemokines (e.g.,
CCL2, CCLY5), adipokines (such as leptin and adiponectin), and free fatty acids (FFAs),
which can drive metabolic reprogramming in cancer cells.

Normal adipocytes are driven into cancer-associated adipocytes by tumor cells and at the
same time hijack surrounding metabolic pathways ; (C. Wu et al., 2023; Q. Wu et al.,
2019). In order to supply the extreme needs of energy of dividing cells, process like
adipogenesis differs into lean and O-OW individuals by alteration in the metabolism of
proteins, carbohydrates and lipids (Cairns et al., 2011). Some already identified markers
involved in these processes are PPARY named as master regulator of fat cell proliferation,
and several transcription factors including C/EBPa, C/EBPf, and C/EBPd (Rosen &
Spiegelman, 2014). Estrogen (ER) biosynthesis can be generated from the adipose tissue
by the production of aromatase, a key enzyme for ER increasing the circulation of the
hormone (Gérard & Brown, 2018). In BC it promotes the growth and survival of hormone
receptor-positive tumor cells by activating estrogen receptors that regulate gene
expression involved in cell proliferation. Elevated estrogen levels or sustained signaling
can contribute to tumor initiation, progression, and resistance to therapy (Yoon et al.,
2022). Finally, understanding the interactions involving AT biology opens avenues for
therapeutic targeting, such as inhibiting adipogenesis, modulating the adipose secretome,
and interfering with signals from the tumor microenvironment (TME) (Kothari et al.,
2020). Among these signals, EVs derived from AT have emerged as key mediators of
crosstalk, carrying bioactive molecules—including proteins, lipids, and nucleic acids that
influence cancer cell behavior. Studies have shown that EVs from obese adipose tissue
(O-EVs) can promote BCC proliferation and migration (C. Zhou et al., 2023).
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1.1.1.1. O-EVs altering metabolism

EVs are delimited by lipid bilayer playing crucial roles in intercellular communication.
Their cargo reflects the physiological or pathological state of their cell of origin and its
capacity to trigger different pathways in the recipient cell (Lilite Sadovska et al., 2015).
The International Society for Extracellular Vesicles (ISEV) has provided guidelines for
the standardization of EV nomenclature and characterization, which are classified based
on their size and biogenesis into: Exosomes: 30—150 nm vesicles originating from the
endosomal pathway and Microvesicles: 100-1000 nm vesicles formed by direct budding
from the plasma membrane (Welsh et al., 2024). Exosomal contents modulate cell biology
by trafficking material like mRNA, ncRNA and transcription factors.

EVs produced by certain cell types express cell-type specific markers, and the amount of
EVs circulating in plasma detected in oncological patients increases in relation with
healthy patients, similarly with lean and O-OW individuals, (Logozzi et al., 2009;
Matilainen et al., 2024). It remains interesting to know whether the cargo of EVs also
shows a similarity that helps to predict the prognosis of obese individuals. What has been
described so far is that elevated levels of EVs are associated with therapy failure and
disease progression in BC patients undergoing neoadjuvant chemotherapy (Konig et al.,
2018). Liu S, and Benito-Martin, A. has demonstrated that O-EVs induce metabolic
alteration in ER+ MCF7 and T47D BC cells lines by increasing the expression of genes
involved in oxidative phosphorylation. (Liu et al., 2023) They also reported several miR
(miR-373, miR-101, miR-372, miR-155-5p, miR-10a-3p, and miR-30a-3p) involved in
Akt/mTOR/P70S6K signaling pathway . Other glycoproteins like CD147 and GPC1 is
also enriched in EVs (Eichelser et al., 2014; Liu et al., 2023; Melo et al., 2014; Menck et
al., 2015). Furthermore, O-EVs can modulate the immune landscape of the TME,
potentially leading to immune evasion and therapy resistance reported by the expression
of vascular endothelial growth factor (VEGF) that is sensible to Bevacizumab (Feng et
al., 2017; Kumar et al., 2024). O-EVs are positioned as a potential BC biomarker source
using novel omics techniques for their cargo identification.

1.2.  Computational approaches in proteomic analysis

Proteomics is the large-scale study of proteins, including their structures, functions,
modifications, interactions, and expression levels within a biological system. It is part of
the novel omics techniques allowing identification and quantification of protein from
samples using different techniques. Traditionally, mass spectrometry (MS), particularly
tandem MS/MS, has been the predominant technique for proteomic analyses
(Medzihradszky & Chalkley, 2015). However, novel approaches are developed
constantly with different identification principles (Callahan et al., 2020). The data
acquisition employs two strategies: data-dependent acquisition (DDA) that selects as
many peptides as possible generating missing values, and data-independent acquisition
(DIA), a method that produce a complex MS/MS spectrum. To assess relative protein
abundance, quantification can be performed using either label-free methods (LFQ), which



11

compare raw data across proteomic conditions based on signal intensity, or label-based
approaches, which incorporate stable isotope labels to allow for relative or absolute
quantification. (Matthiesen & Bunkenborg, 2013). The following steps for database
searching and analysis used to be performed by software-based tools such as MaxQuant,
Proteome Discoverer and X!tandem (Schmidt et al., 2014).

Raw proteomic data is inherently noisy, incomplete, and high-dimensional, making it
impossible to extract meaningful biological insights without proper preprocessing and
quality control measures. Some steps to improve the quality implies statistical analysis
for pattern recognition and classification to add biological meaning. A normalization of
intensities or ratios with imputation are performed to handle outlier, different scales and
missing values (Holger Husi & SC Nat, 2019) to generate a complete matrix that preserve
the information and avoid bias in the follow analysis. To reduce high-dimensionality,
different methods can be use such as, principal component PCA by orthogonal
classification, Uniform Manifold Approximation and Projection (UMAP), and t-
distributed Stochastic Neighbor Embedding (t-SNE), some researchers suggest a mixture
model to achieve a proper reduction without creating an artifact by tuning the
hyperparameters , (Becht et al., 2019; Hilario & Kalousis, 2008). These approaches lay
the groundwork for the next clustering, used to find expression patterns of groups of
proteins and visualize the results, using the most popular distance measurement based on
the Pearson Correlation (PE) coefficient (1 - r) or Euclidean metric (EU) methods. Both
are affected more strongly by very abundant protein than the low-abundance use in
hierarchical clustering analysis (Meunier et al., 2007). Other methods are extensively
used like K-means and novel algorithms that successfully denoise proteomic spectra
called Bayesian-Fourier model based (Bensmail et al., 2005). The identified cluster must
be statistically evaluated with strategies using Silhouette coefficient (SI) and statistical
models are applied for differentially expressed proteins by univariate methods including
t-test and analysis of variance (ANOVA) (Lualdi & Fasano, 2019).

Proteomic analysis facilitates the characterization of complex biological systems,
particularly in cancer research, by enabling the identification of protein-level alterations
associated with obesity. The analytical power of proteomic studies can be enhanced
through optimal parameter selection and comparative methodological approaches, which
increase the likelihood of obtaining statistically significant results while minimizing
experimental bias, thereby allowing researchers to select the most appropriate analytical
strategy for their specific research objectives and improving predictive and preventive
capabilities in translational medicine applications.

1.3.  Predictive modeling in risk cancer

Initial proteomic analysis combined with machine learning (ML) algorithms enables
robust data integration and enhanced extraction of the hidden message within complex
datasets, facilitating the inference of biological properties from training datasets to predict
clinical conditions based on existing data. While conventional statistical approaches were
previously employed to analyze factors influencing BC, these traditional methods exhibit
limited adaptability for discovering novel variables and generating integrative data
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visualizations (Ganggayah et al., 2019). ML improves the ability to analyze and generate
accurate outcomes used in translational medicine, and it is done by identifying proper
correlation like obesity-associated parameters that can influence or be responsible for BC
development.
A predictive model development follows a workflow starting by model training,
employing machine learning algorithms, model validation and testing, and finally,
interpretation and deployment. ML algorithms extensively used in cancer proteomic
based models are random forest (RF), K-nearest neighbor (KNN), support vector machine
(SVM) and artificial neural network (ANN) , (Al Mudawi & Alazeb, 2022; Kourou et al.,
2015) that need to split the initial dataset into subsets to be employed through proportional
partitions. Subsequently, model validation is essential, employing cross-validation
techniques like K-folds to asses ability and prevent overfitting (Kourou et al., 2015).
Performance evaluation utilizes multiple metrics including accuracy, precision, recall,
Fl-score, and particularly the Receiver Operating Characteristic (ROC) curve and Area
Under the Curve (AUC), which summarize the trade-off between sensitivity and
specificity across thresholds (LG & AT, 2013). Accuracy evaluates all the correct
predictions (true positive and true negative) over all the predictions (all true and false
positive and negatives).

TP + TN
TP + TN + FP + FN

Accuracy =

ML allows the integration of diverse features such as proteomic expression profiles,
obesity-related parameters, and clinical metadata into models that can predict disease risk,
subtype classification, or treatment response with high reliability. Recent studies have
proposed models based on the predictive capability for BC prognosis by integrating
BRCA1/2 genetic mutations with lifestyle-related risk factors, thereby exhibiting robust
discriminatory power to differentiate between individuals at high and low risk
development; the models are summarized by Conte L., et. al., in 2024 with an average
AUC of 81% (Conte et al., 2024), incorporating obesity related factors to the model can
potentially design a smart BC risk prediction for all the associations extensively
described. These models present the potential for an early identification stage and
preventive strategies.

1.4.  Biological interpretation and functional analysis

Beyond statistical modeling, interpreting the biological significance of differentially
expressed proteins is crucial, providing a comprehensive understanding of the
contribution of various biological processes related to obesity and possible BC. This
analysis is possible thanks to research community collaboration for annotating proteins
with their biological function, pathways and interactions to provides these insights tools
such as Gene Ontology (GO) enrichment that categorize proteins based on their associated
(1) biological processes, (i1) molecular functions, and (iii) cellular components (Ashburner
et al., 2000).

Proteins identified through differential expression analysis can undergo pathway analysis
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using various bioinformatics platforms designed for multi-omics applications. Widely
used approached include KEGG (Kyoto Encyclopedia of Genes and Genomes) pathway
enrichment analysis , , (Chen et al., 2015; Neagu et al., 2021; T. Zhou et al., 2017), and
other tools known as GOMiner (Zeeberg et al., 2005) and PANTHER, which provide
computational resource automatization for omics data by a classification system that
enhanced the robustness by allowing comparison with existing datasets. However, one of
the most used and complete tools for interpretation is Ingenuity Pathway Analysis
QIAGEN software (IPA) GO and biological interactions to predict upstream regulators
and downstream effects (Kramer et al., 2014).

These analyses enable the contextualization of proteomic alterations within known
biological frameworks, aiding in the identification of potential biomarkers and therapeutic
targets. There are several conducted studies using different ML algorithms, however few
of them consider protein source from O-EVs to mapped the increasing risk relationship
with BC.

2. MAIN OBJECTIVE

e Understand how EVs derived breast adipose tissue from overweight and obese
women may reflect or influence cancer-related pathways.

2.1. SPECIFIC OBJECTIVES

o Identify differentially expressed proteins in EVs derived from breast adipose
tissue.

o Develop and select different machine learning models to classify patterns within
the proteomic data that differentiate groups of patients based on their EV-derived
protein profile and cell proliferation index.

e Determine the metabolic pathways of the enriched proteins to explore their
biological functions and implications in breast cancer by Ingenuity Pathway
Analysis.

3. MATERIAL AND METHODS

All computational analyses were performed using a MSI Creator A16 workstation
equipped with RTX 4060/16 GPU. The analytical pipeline was implemented in
JupyterLab using Python 3.10 with scikit-learn packages. All source code and
documentation are publicly available at https://github.com/lvpineres/TFM_2025/

3.1. Dataset acquisition and description

Proteomic data were obtained from a previously published study (Liu et al., 2023)
investigating breast adipose tissue-derived extracellular vesicles from obese women. The
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original study collected breast adipose tissue samples from 48 overweight and obese
women undergoing elective breast reduction surgery at Weill Cornell Medicine, New
York. EVs were isolated from these tissue samples following the protocol described in
the original publication. The authors conducted proteomic profiling using MS/MS for all
the samples alongside, proliferation assays on MCF7 breast cancer cell lines only to 81%
of the total collection.

The corresponding proteomic data remained largely unexplored. The dataset used for this
analysis is publicly available via the PRIDE Archive repository under the accession
number PXD045471 (https://www.ebi.ac.uk/pride/archive/projects/PXD045471). The
data was originally processed using MaxQuant software forDDA proteomics and
exported as proteinGroup.txt, however the file used was in in CSV format including the
key varia bles [Intensity values per sample, Protein IDs and names, Gene names, FASTA
headers, Number of peptides identified, Sequence coverage (%), Molecular weight (kDa),
Q-values]. Additionally, clinical metadata, including age, Body Mass Index (BMI) and
cellular proliferation index were available for each donor sample.

3.2. Data preprocessing and quality control

To optimize data preprocessing for downstream analysis, a systematic comparative
evaluation was conducted using SI validation. Two datasets were analyzed: the complete
dataset and a filtered subset excluding low-quality peptides with < 20% sequence
coverage. Both datasets underwent log. transformation of intensity values, followed by
missing value imputation using three methods: leave-tail imputation, simple imputation,
and iterative imputation. Distribution analysis guided the selection of the optimal
imputation strategy, which was subsequently applied with different normalization
approaches (StandardScaler, MinMaxScaler, and RobustScaler) to standardize feature
ranges. After validation of data distributions, dimensionality reduction techniques were
systematically compared, including PCA and UMAP with both default and optimized
parameters (varying numbers of neighbors and minimum distances) until achieving clear
separation into two distinct sample groups. The dataset was transposed using df.T
function (features as columns and samples as rows) to facilitate unsupervised clustering
using K-means and Agglomerative approach. Final cluster configurations were chosen
based on visual distribution inspection of separation and SI.

3.3. Differential expression Analysis (DEA)

For DEA, a pre-built package was applied to the dataset. To select the most suitable
package according to the literature review, 7 initial models were compared by applying
direct filtering methods based on their availability, community support and peer-reviewed
documentation for the preliminary selection of 3 models, new filters were applied based
on operational parameters and ease of installation and configuration. The pipeline
selection is shown in Figure 1. A final open-source package was carefully selected called
AlphaPepStats (Krismer, E. et. al., 2023) that allows the MaxQuant pre-processed file
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with the metadata information and its automatization.

Pipelines

MSPypeline Prolfqua Autoprot MSDAP opDEA Padua AlphaPepStats

Iy

1™ Filter: 1" Filtered:

Discarded Accepted
¥

2™ Filter

/\

Discarded: Final
(MSPypeline, Selection:
Prolfqua) AlphaPepStats

Figure 1. Hierarchical and selected pipeline in different filtering steps.

Its image was pulled using ‘docker run -p 8501:8501
elenakrismer/alphapepstats_streamlit’ to identify proteins that were differentially
expressed between clusters and ensure compatibility AlphaPepStats pipeline, the
proteinGroup.txt file in MaxQuant format was used as the input dataset. To maintain
integrity the LFQ intensity columns were isolated and subjected to quality control and
preprocessing steps already described in section 4.2, the column was reintegrate into the
original dataset using the df.loc[]. Statistical analysis was conducted such as ANOVA
across sample groups applying a significance threshold of p value < 0.05 and log: fold
change (FC) cutoff of + 1.Similarly, a custom de novo pipeline was developed to perform
DEA on the labeled, preprocessed proteomic dataset. A two-sided independent Student’s
t-test was applied by calculating Mean difference (Mean Diff) in LFQ intensity between
groups, following the criteria P value > 0.05,FC calculated as the logoFC >10.25 - 2| and
False discovery rate (FDR) applied using Benjamini-Hochberg [method='fdr bh']
procedure to control for multiple testing error using libraries like [itertools, scipy.stats
and statsmodels.stats.multitest]. Differential expressed proteins (DEPs) over these
thresholds are retained in an annotated list and visualize in a volcano plot generate using
matplotlib.

3.3.1. Protein-protein interaction network analysis

To understand the functional relationships between differentially expressed proteins, a
protein—protein interaction (PPI) network analysis was constructed using the STRING
database https://string-db.org/ from the retained list that include the statistically
differentiate proteins across clusters. Separate interaction networks were generated for



16

upregulated and downregulated proteins setting Homo sapiens as organism. Minimum
required interaction score was set to high confidence (score > 0.7) to exclude weak or
speculative associations and enhance the robustness of the resulting network. This DEPs
were used to constructed the final interaction network. A summarization of the steps as
shown in Figure 2.
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Figure 2. Workflow of data preparation and analysis. The first 2 steps shown in grayscale were
performed by the authors in the original study and color steps summarize the strategies for data curation.

3.4. Machine Learning Model Development and validation

Four machine learning algorithms were selected for evaluation based on their wide use in
biomedical data analysis and their ability to handle complex, high-dimensional proteomic
data. The preprocessed data frame obtained from previous steps is used for determining
the proliferation index of breast cancer cells based on the expression profiles of proteins
derived from extracellular vesicles in adipose tissue included in the metadata.

For model comparison, comprehensive parameter optimization was performed across all
algorithms, with the best-performing configuration selected for each method. The
Random Forest model comprised n_estimators [20, 50, 100, 150, 200], max_depth [3, 5,
10, None], min_samples_split [2, 3, 5, 10, 15, 20]. For the Decision Tree (DT) model,
cost-complexity pruning was implemented based on cross-validation results by
comparing max_depth [3, 5, 10, None], min_samples_spli [2, 5]. Logistic Regression
(LR), traditionally employed for classification tasks, was adapted for regression analysis
using a logit link function with L2 regularization compared in different alpha [0.01,0.1,
1, 10, 100] to predict continuous proliferation indices. Additionally, we also compared
K-nearest neighbor n_neighbors [3, 5, 7] weights [Uniform, distance] metric [euclidean,
manhattan].

The evaluation of each model was performed by 5-fold cross-validation to check model
stability and the performance metrics were Root mean squared error (RMSE) that
measures the average squared difference between predicted and actual proliferation
indices, R-squared (R?) to indicate the proportion of variance and MAE to show mean
absolute error. The models were compared based on the above metrics, with the best-
performing model exhibiting the lowest RMSE, MAE and the highest R? a
summarization is found in Figure 3.
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Figure 3. Model comparison and evaluation. Input dataset with all preprocessed steps, the selected model
includes the lower MAE and RMSE values and higher R?, yi Represent actual values and xi predicted values
with the » = number of total observations, y represent the mean of yi values, and Ji are predicted values.

3.4.1. Classification applies to Regressor model.

Regressor model predicted values from the selected models were apply to a classification
approach to determine whether these values are into low BCC proliferation rate < 1.5 or
high proliferation, in order to make the evaluation of the accuracy a ROC curve is
performed to visualize its specificity and sensitivity with a confusion matrix for the total
number of observations.

3.5. Enrichment and Pathway analysis of the differential expressed protein

Associate DEPs identified in steps 3.3 and 3.4 that significantly contributed to understand
obesity and cancer relationship. A table with DEPs gene name information is extracted
including differential information like Mean Diff, P-value and FDR. Molecular function
and cellular component are analyze using IPA QIAGEN dataset
(https://www.qiagen.com) leaving species by default Homo Sapiens and performing a
Core analysis against the knowledge base, canonical pathways and networks selection
criteria is base is Z-Score and the results offer information under color codes shows in
Table 1.

Table 1. Color codes for canonical pathways and network figure representations take from IPA.
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4. RESULTS
4.1. Annotation and clustering

To explore the proteomic patterns embedded within breast adipose tissue-derived EVs,
an extensive and comparative preprocessing strategy was first applied. Peptides with less
than 20% sequence coverage were excluded. Intensity values were log2-transformed,
missing values imputed using Iterative Imputer, and data standardized via
StandardScaler(). These steps achieved normal intensity distributions across all samples.
For dimensionality reduction techniques including PCA and UMAP were compared.
UMAP, particularly with optimized parameters (n_neighbors=3, min dist=0.001,
metric='cosine'), outperformed PCA, demonstrating superior sample separation.
Parameter tuning was conducted using a grid search (n_neighbors = [3, 4, 5, 10, 15, 30],
min_dist = [0.000, 0.001, 0.005, 0.010, 0.050], metrics = ['euclidean’, 'cosine',
'manhattan']) Figure 4.
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Figure 4. Summarization of optimal strategy selection for clustering. a. Final selection of all the
comparison techniques (Exclude low quality peptides, Iterative Imputer, StandardScaler(), PCA+UMAP
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tune and K-means). b. Distribution of log2-transformed intensity values after Iterative Imputer and
StandardScaler() processing.

4.2. K-Means as better clustering approach

K-means clustering following dimensionality reduction revealed clear stratification into
two main sample clusters, independent of clinical metadata such as for BMI (p = 0.78)
and BCC (p = 0.47) proliferation index, T-tests showed no statistical significance,
suggesting that protein expression patterns, rather than patient phenotypes, drive the
clustering behavior. Implying the existence of distinct proteomic signatures among EVs
that may reflect underlying biological mechanisms not captured by traditional clinical
variables. The cluster samples classification includes 20 individuals against 28 in cluster
2 that shows a spare distributiondepicted in Figure 5.
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Figure 5. K-Means cluster after UMAP dimensional reduction. expression values after dimensionally
reduction leads to distinct cluster formation into 2 groups, each point in the plot signifies a sample classify
into cluster 0 (red) and cluster 1 (blue), expression values after dimensionally reduction leads to distinct
cluster formation

4.3. Over 600 differentially expressed proteins (DEPs) identified among
clusters

DEA was performed using both a standardized pipeline (AlphaPepStats) and a custom-
built pipeline. Proteins were filtered based on significance thresholds using T-test
statistical comparison metric (p < 0.005 and |log:FC| > [0.25 - 2]), yielding distinct sets
of upregulated and downregulated proteins across the two identified clusters. The
AlphaPepStats pipeline was only compatible with the MaxQuant format, therefore the
selected pre-processing was carried out by extracting intensity values, modifying and
substituting them into the original table, pipeline interface only offers [1 - 2] threshold
which makes the comparison limited. The clustering structure revealed relatively short
distances between groups, possibly reflecting < 80% shared information (SI) or
overlapping variance. Given these limitations, further analysis proceeded exclusively
with the custom pipeline, which allowed tuning of fold change thresholds to lower values
(logzFC| > 0.25-0.5). This more sensitive threshold captured the most relevant
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differences between clusters, as illustrated in Figure 6. Our FC threshold is selected
according the wide biological relevance, in order to explore and look potential shifts
across clusters based only on their protein expression profile, we seek to capture small
alterations that can be interpretate as effectors downstream for the following analysis.
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Figure 6. Top 10 most representative DEPs for FC [0.25 - 0.50]. Annotated volcano plot showing
expression distribution of Top 10 up/down regulated DEPs. FC 0.50 keeps a reduced list of the shorter

distance identification. Distance based on average mean values between clusters.

A Total of 665 DEPs were identified with 333 upregulated in Cluster 1 against 332
downregulated in cluster 2.

4.3.1. PPI shows more interactions nodes than expected

Protein-protein interaction networks constructed via the STRING database highlighted
several densely connected subnetworks with an PPI enrichment p-value < 1.0e-16 that
shows almost 3 times more edges than expected, supporting the functional coherence of
differentially expressed proteins. TSV table from STRING was extracted and filtered by
High Confidence > 0.7 interaction degree to keep only those highly related each other.
For cluster 1, two distinct dense interactions were found, leaving behind 94 DEPs that
does not present a strong interaction among cluster items. Similarly, the analysis was
performed by a Fold change FC = 0.50, reducing the list to 13 DEPs, were only 3
interaction were identified (AKRIC1 and AKRI1C2) without showing any significant
interaction, different from cluster 2 that still keeps significant interaction with both FC
values, even after excluding low confidences interaction. For FC = 0.25 just one dense
cluster was visualize and for 0.50 remains 15 of them with significancy, (A2M, MMP2,
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LTF, SERPINF1, CP, KLKB1, MMP9, SERPINA3, AZUI, SERPINA4, CAMP,
COL14A1, LRG1, MMP14, and RECK).

4.4. Predictive Modeling of Cell Proliferation Behavior

To evaluate the potential of EV-derived proteomic profiles in predicting biological
outcomes, a regression-based machine learning approach was implemented using 39
samples with available BCC proliferation indixes without considering DEA cluster result
that does not identified any correlation with the metadata (BMI, BCC). Among several
algorithms tested (Random Forest, Logistic Regression, Decision Tree, and KNN), the
Decision Tree model exhibited the best predictive performance, with an R? value of 0.87,
RMSE 0f0.17, and MAE of 0.14. A comprehensive parameter grid search was conducted
for all models to ensure optimal performance,shown in Table 2.

Table 2. Metrics models comparison. Performance metrics for predicting BCC proliferation index
across tested algorithms.

Models R> RMSE MAE
Random Forest - 0.62 0.3 22
Logistic Regression - 0.61 0.3 22
Decision Tree - 0.87 0.17 0.14
KNN - 02 043 0.31

Given the limited sample size, the model's predictive structure remains robust and suitable
for future validation. Additionally, a simulated classification of BCC proliferation was
visualized using the continuous predictions generated by the regression models. Feature
importance analysis from the DT model enabled the identification of 10 protein predictors
contributing to cell proliferation behavior, STRING analysis revealed no statistically
significant interactions among them. Despite this, their individual predictive contributions
were substantial, shown in Figure 7. These proteins were further examined for biological
relevance by GeneCart, with results summarized in Table 3.
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Figure 7. 10 features representative with no significant interaction. Most representative genes names

identified by the regressor model predicted values. Gene name represented in every node with no significant
interaction between them, except for PRPF40A and SNRPF.

Table 3. Pathways describe in GeneCart for every DEPs of DT model and their importance weight
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Pathways Importance Genes
Immunosupression and aggression 0.513 CYB561D2
Insulin receptor recycling and MITF-M-dependent gene expression 0.20 ATP6V1B2
Processing of Capped Introrvl-Contammg Pre-mRNA and Processing of 0.131 SNRPF
Capped Intronless Pre-mRNA.

Avpoptos.ls and 5}1r.wval FA? signaling cascades and Transcription-Coupled 0.051 PARPI
Nucleotide Excision Repair (TC-NER)

Initial triggering of complement and Complement cascade. 0.040 FCN2
Cytokine Signaling in Immune system 0.026 HLA-G
Cellular responses to stimuli and Programmed Cell Death 0.016 H1-3;H1-4
Processing of Capped Intron-Containing Pre-mRNA. 0.009 PRPF40A
zg::elg downstream of RAS mutants and Toll Like Receptor 7/8 (TLR7/8) 0.009 FGG
Homologous DNA Pairing and Strand Exchange and HDR through Homologous 0.001 ATRIP

The predicted values in a range of [0.4 - 2.8] were correctly predicted and compare in a
hybrid classification model that include classification into low and high cell proliferation
index threshold set 1.5 BCC proliferation index giving an AUC of 0.98 classifying
correctly the predicted values that can build the base for a more robust model that can be
trained by similar data sets, the results are summarized in Figure 8. The 1,5 BCC
proliferation index threshold is based in previous experience of the group, reflecting
biological behavior of MCF7 cells treated with O-OW EVs.
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Figure 8. Hybrid classification model using predicted proliferation index. a. blue dots represent the
predicted BCC proliferation index values that adjust perfectly to real values. b. Regressor model apply to
classification into high and low proliferation shows AUC > 0.90 generating what is shown in figure c.
Confusion matrix well classify TP and TN for the total of samples.
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4.5. Canonical pathways related to obesity and cancer identified in core
analysis

To interpret the potential biological relevance of the DEPs a core pathway analysis was
performed using IPA focus in DEPs (using gene names) with high-confidence (HC > 0.7)
interactions, as determined by STRING. Core pathway analysis identifies the most
significantly enriched canonical pathways based on a given set of differentially expressed
genes or proteins. It helps uncover underlying biological mechanisms, signaling cascades,
and functional relationships within the data. Canonical pathways were ranked according
to statistical significance and biological relevance, we exclude EVs related pathways
whose enrichment would be inherently overrepresented in the canonical pathway list due
to the EV origin of the samples without provide any new insight about the interaction of
their cargo with the ATME. Instead, we focus on obesity and cancer-related mechanisms.
The dataset was organized by Mean Diff, p-value, and FDR, highlighting the importance
of pathways related with tumor cell lines development, sensitivity or colony formation as
the main cores identified by IPA shown in Figure 9. Top-ranked proteins are shown in
Table 4. To main canonical pathways are introduce in this study as the most significant
for EVs cargo contribution to cancer (Estrogen-dependent breast cancer signaling and
tumor microenvironment) . Interestingly the DEPs AKR1C1 and AKR1C2 associated to
cluster 1 with a FC = 0.5 now shows a second layer interaction due the bulk of DEPs
upload in the core analysis, mainly for ER regulation; belonging to Aldo-keto reductase
superfamily and associated with lipid metabolism, previously identified as target for new
hormone-based therapy strategies in primary BC (Wenners et al., 2016), some other are
specifically aligned in IPA to the DEP set at FC = 0.5 such as MMP9 and MMP14, both
metalloproteinases playing a role in tumor growth (Tétu et al., 2006; Vos et al., 2021)

Development(ef tdmor cell lines

Sensitivity b@lor cell lines
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Figure 9. Graphical summary for global canonical pathways.

Estrogen-dependent breast cancer signaling is a molecular pathway that describes how
ER, particularly estradiol (E2), promotes the development and progression of hormone-
responsive breast cancer through estrogen receptor-mediated mechanisms.

This pathway was significantly enriched (Z-score = 2.18; 23 mapped molecules),
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highlighting the central role of E2 in promoting tumorigenesis via both genomic and non-
genomic actions mediated by estrogen receptor alpha (ESR1). The pathway shows
interactions involving IGFIR, EGFR, ERK1/2, and downstream effectors such as
STAT3, FOS, ELKI1, and CREB, which are related to cell cycle progression and
proliferation Figure 10. These signaling cascades reflect hormone-dependent
mechanisms often enhanced in ER+ BC subtypes.

Table 4. Top analysis molecules identified by IPA. Mean difference represent the mean absolute
between cluster 1 vs cluster 2 per each DEP. Arrows direction denotate upregulation 1 and
dowregulation |

CLUSTER 1 VS CLUSTER 2

Gene Mean Diff p-value FDR
PLINS - 0.9257 2.0E-06 2.2E-05
NATI1 - 0.7200 6.0E-07 9.0E-06
KLHL31 - 0.6862 1.2E-06 1.6E-05
SDSL - 0.6407 3.3E-04 1.3E-03
KLC4 - 0.6097 3.3E-06 3.3E-05 T
ZC3HAVIL - 0.5701 1.1E-04 5.6E-04
AKRIC2 - 0.5468 2.5E-09 1.8E-07
MAP2K6 - 0.5457 1.8E-08 6.7E-07
NEK?7 - 0.5203 1.3E-09 1.4E-07
AKR1C1 - 0.5138 3.7E-10 6.0E-08
IGLV5-45 - -0.8845 5.2E-07 8.2E-06
IGHV3-49 - -0.8499 1.4E-06 1.7E-05
SPRR3 - -0.8327 9.0E-08 2.3E-06
MMP9 - -0.8222 7.8E-06 6.2E-05
FCN2 - -0.8178 4.2E-04 1.6E-03
GP2* - -0.6815 2.3E-04 9.6E-04 l
CTHRC1 - -0.7494 3.1E-05 2.0E-04
IGKV3D-20 - -0.7286 2.7E-08 9.7E-07
MMP2 - -0.7121 2.6E-05 1.7E-04

COL14A1 - -0.7023 1.4E-06 1.7E-05
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Figure 10. IPA visualization of the Estrogen-Dependent Breast Cancer Signaling pathway.
Highlighted nodes indicates molecules detected in the dataset, include estradiol (E2), ESR1, PI3K, ERK1/2
, and transcription factors associated with cell proliferation. For orange nodes the molecules predicted to be
activates, pink nodes proteins differentially expressed, gray nodes not present in dataset, solid orange
arrows direct activation while dashed orange arrows represent indirect activation.

Tumor microenvironment (TME) refers to the complex and dynamic network of non-
cancerous cells and extracellular components that interact with tumor cells, influencing
cancer progression. The second significantly enriched pathways (Z-score = 1.76; 32
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mapped molecules) highlights significant interactions within the tumor
microenvironment, including adipocytes, immune cells, endothelial cells, and
extracellular matrix (ECM) remodeling factors. DEPs were involved in processes like
angiogenesis, immune suppression via PD-L1 and HLA-G, VEGF signaling, and matrix
degradation by MMP9 and MMP14, contributing to tumor support Figure 11. These
results indicates that the cargo from EVs derived from obese adipose tissue may promote
a pro-tumorigenic microenvironment by influencing both stromal remodeling and
immune regulation, according the knowledge base from IPA.

Proliferaticn of
tumu;%ﬁ&iaied
Toplas i S o

£z
NN ET .

i

T
-~ ~——
g - Ev)
g B
Ve ~ T
) a2

imimurity 7
/

\ w \ e P
A g \ T~. ] Teglagan
M2-tumor 1 S ~ typest
[ ik A ~L |
“ fﬂ'h‘la X S .
magrophages Polarization Vg / L{NC\‘
of T2 gells Y /}\
v // NN
i TN~
ppq  DiffeEhiition \\ s Gspas
s of MQSL;;- ! // gy S
-
4 TNF‘ 2 CXCL8 o
Ti ?él re g
e 2l BN (_ ~
differentiation N Glucose S
f ¥ A ~
5y ~
X M1 | Angibgenesis Tairce
Inflammation inzasion
v p ki
""" AmEXC L
'\[/ Tumor cells
Cytoplasm Regulation ofthe | g
Lpithelial‘masgnchymal | | /
| transitia b growth 1 g ) /
¥ factors pathway signaling| 7
= / >
MA@M Lk Glugose
% Slecular % | v / T
Ty mechanisms 7 | / !
& of cancer / }
I / |
L '
Cartercell , ¥ IGies
invasion RA ! ALl m(z[lfab:;\ﬁm
T ' |
| | Fl
| 8rD)
T ell = I
indasion MaRzR 172 I ¢ o
|
| Ap of
| tumpkcells
.
ki ‘
Nucleus

ETAT:
LTSIt I <o 7] 2R

\ g [ \ I
Yy 1 o
P@'}?@@"” | yalms Y A2 s ¥
of tumgricells e popt Ap of Vi%lgﬁm of
Syfiiva) of 9(,%33 1 tumsg cells 1ul ‘gcéHs
tumiaells ¢ |
i PD-q=RB-L1
Igl?'g'-gﬁ: cancerimf\m'u'riotherapy T’“@e"
e pathway n; n

Figure 11. IPA visualization of the Tumor Microenvironment pathway. Adapted figure from IPA
showing the most representative DEPs mapped in the canonical pathway. Proteins implicated in immune
modulation, ECM remodeling, and angiogenesis are represented, supporting the role of EVs in shaping
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tumor supportive conditions. Color code follows the same pattern than figure 10 blue nodes and arrows
indicate inhibition.

4.5.2. p-catenin network associated function EV cargo to cancer
pathways

The f-catenin (CTNNB1) signaling network plays a key role in cancer by regulating cell
proliferation, invasion, and tissue homeostasis, and is frequently dysregulated in tumor
development. Among the top interaction networks identified through IPA core analysis
different from canonical pathway identification, network construction does not include
pathways related information explicitly, instead it looks internal interaction from the DEP
list (Kramer et al., 2014). Network 2 is the most biologically relevant, with a score of 30
and annotated functional associations with cancer, gastrointestinal disease, and hepatic
system disease. This network is centered on f-catenin, frequently dysregulated in cancer
and closely linked to tumor cell proliferation, invasion.

Several proteins from DEPs dataset mapped directly to this network, including GPC1 a
known EVs marker previously associated with cancer progression (Lucien et al., 2019),
similarly SERPINA4, and APOD, contribute to extracellular matrix regulation and lipid
metabolism the interactions are shown in Figure 12. Notably align to TME canonical
pathway, suggesting these DEPs as important modulators of tumor signaling.
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Figure 12. CTNNBI1-Centered Protein Interaction Network Identified in EVs Derived DEPs. High
confidence interaction with molecules participating in cell proliferation and adhesion by CTNNBI1 as
central node and inhibited regulator. Green nodes proteins predicted to be downregulated in the dataset, red
nodes, proteins predicted to be upregulated, white nodes are no DE; shapes indicate molecular classes,
ovals: enzymes, diamonds: Transcription regulators, rounded rectangles: transporter, vertical ellipses:
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cytokines or signaling proteins and Hexagons: others.

Other high score networks were identified by IPA using the knowledge base that related
the EVs cargo with STATSA node linking to immune signaling and connect with ER
receptor pathways via RXR and POR not shown in this study.

S. DISCUSSION

In the current study, we integrated exploratory data science with biological interpretation
to investigate how proteomic signatures derived from breast adipose tissue EVs may
influence cancer-associated processes, particularly in the context of obesity. We
combined unsupervised clustering, differential expression analysis (DEA), predictive
modeling of proliferation, and IPA-based pathway enrichment to delineate a potential
biological system according the networks.

The most important step is the preprocessing that began with a dimensionality reduction
and unsupervised clustering strategy to uncover hidden proteomic patterns; omics data
implies high dimensions that are traditionally reduce by linear reductions algorithms such
as PCA or nonlinear as t-SNE or UMAP, however mix approach have been contemplated
by feature selection, making a double distance reduction that preserve the information in
a low dimensional projections, these arrives because the limitation of the nonlinear
reduction that preserve locally, but struggles to capture the global patterns , (Pal &
Sharma, 2020; Wenskovitch et al., 2018). Our results confirm this advantage, as the
combination exposed a subtle but biologically meaningful separation into two main
clusters, despite a Silhouette Index > 70% this distance across clusters with statistical
meaningful structure reflect an expression shift that is not driven by clinical metadata,
instead it detected molecular differences.

Previous works for model prediction designed based on open source dataset extensively
used like Wisconsin Diagnostic Breast Cancer (WDBC) and Breast Cancer Coimbra
Dataset (BCCD) rely heavily on metadata and are trained for binary diagnosis (Rasool et
al., 2022) or long term data collection in hospitals (Rabiei et al., 2022) the inclusion of
only clinical information related to BC factors like age, BMI and analytical metrics and
mammography offers limit information about relationships and deeper understanding
about what molecular features may influences in this factors. Furthermore, similar
approaches are used for hyperparameter optimization and comparing predictive models
in which they coincide RF, LR and KNN, with accuracy of 98.06% for LR. Every
technique is used to be adapted and adjust to every dataset, and a bigger input helps in the
reliability of the model, in our case the limited sample size (n=39 for BCC) and lack of a
separate test set hindered model validation. Moreover, the small number of features with
significant importance scores raises concerns about overfitting and model fragility in
unseen data.

To address interpretability and improve diagnostic value we implemented a hybrid model
that converts regression output into binary classification strategy used previously for
logistic regression model (Guo et al., 2006), this approach is used to represents low and
high proliferation potential according the protein expression profile that may influence
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the dynamic behavior under the influence of O-EVs.

The most significant pathways identified were ER dependent BC Signaling and the TME.
Both are well established in obesity linked breast cancer where O-EVs identified DEPs
in cluster analysis are active modulators of tumor biology.

The IPA identified pathways ER dependent BC Signaling, TME, and the f-Catenin
interaction network collectively underscore the potential mechanisms by which EVs
derived from obese adipose tissue may contribute to breast cancer progression. EV cargo
appears to influence estrogen receptor signaling, enhancing proliferation in ER+ BC
subtypes through both genomic and non-genomic actions. Simultaneously, EV associated
proteins impact the tumor microenvironment by promoting angiogenesis, immune
suppression, and matrix remodeling—features commonly linked to tumor support and
aggressiveness. Notably, the enrichment of f-catenin-centered signaling networks,
including components involved in extracellular matrix regulation, proteostasis, and lipid
metabolism, further supports a role for obesity associated EVs in modulating oncogenic
pathways. Together, these findings suggest that adipose-derived EVs may act as
mediators of obesity driven tumorigenesis by coordinating hormone signaling, immune
evasion, and stromal remodeling in BC.

Other studies have similarly highlighted genes such as MMP9, GYG2, PRKAR2B as hub
molecules in obese BC patients uncover by a FC < 0.67 (Comertpay & Gov, 2022) which
appears within our canonical pathways; it has been reported that MMP9 describe to
promote immunological TME in BC progression (Reggiani et al., 2017). In other studies
obesity and BC have been link the role of ER in BC by pointing aromatases as a main
interaction node regulated by adipocytes (Gérard & Brown, 2018) and proteins like
CLEC3B previously identified as a strong predictor in cancer models also appeared in our
Cluster 1 and were involved in the TME pathway (Kallah-Dagadu et al., 2025). More
specifically recent ML model based on tumor EV protein profile have been develop to
predicted the potential of EVs for cell invasion and proliferation, however excluding
important factor that may include this as obesity (Bukva et al., 2023). Our finding also
reveals strong overlap between high BMI associated proteins reported in the original
study by Liu et al. (2023) (Liu et al., 2023), where we consistently find SERPINF2,
SERPINAI, SERPINA4, CA1, PROSI, ITGA2B, ITGB3, GP9 in cluster 2, DYNCILI2,
AKRI1C3, CAVI1, CAV2, UTRN, KIF5B For the upregulates, consistently in cluster 1.
While some of the DT model’s most predictive features were not directly found in the
enriched pathways their pathways participations are highly related to immune response
and can work as a regulators effectors that needs further analysis. Differently in other
studies in micro vesicles an extracellular metalloproteinase inducer (EMMPRIN) is
identified as a marker for BC this effect is describe for not being mediated by matrix
metalloproteinases, but by activation of the p38/MAPK signaling pathway in the tumor
cells (Menck et al., 2015) in our results MMP9 and MMP 14 extensively mentioned reveal
a distinct mechanism within the EVs (exosome) associate to TME and f-catenin network
Our results are exploratory, yet methodologically consistent with larger studies applying
omics for cancer risk modeling. Even though our models are not robust for external
testing, they offer a proof of concept that can be enhanced through future datasets and
multi-omics integration. Hybrid models like the one we applied, when trained with a
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larger cohort and additional covariates may allow real world deployment for early risk
prediction. Future research should focus on combining protein expression with
established factors such as age, BMI, BCC proliferation, and genomic mutations to build
a robust predictive system.

6. CONCLUSIONS

Although the predictive models developed in this study are not yet strong enough for
clinical application, they provide a starting point for the identification of molecular
signatures involved in obesity-related breast cancer risk. The combination of exploratory
clustering, hybrid modeling strategies, and IPA enrichment analyses revealed both
familiar and potentially novel players in tumor development. With larger datasets,
inclusion of external validation cohorts, and inclusion of additional clinical metadata, this
approach can evolve into a powerful diagnostic tool. Furthermore, concordance of
machine learning output with biologically validated pathways suggests that the
exploratory findings capture disease-relevant mechanisms. These results are worthy of
further investigation to add to our understanding of the relationship between cancer and
obesity, according to IPA's knowledge base.
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